During active fire incidents, decisions regarding where and how to safely and effectively deploy resources to meet management objectives are often made under rapidly evolving conditions, with limited time to assess management strategies or for development of backup plans if initial efforts prove unsuccessful. Under all but the most extreme fire weather conditions, topography and fuels are significant factors affecting potential fire spread and burn severity. We leverage these relationships to quantify the effects of topography, fuel characteristics, road networks and fire suppression effort on the perimeter locations of 238 large fires, and develop a predictive model of potential fire control locations spanning a range of fuel types, topographic features and natural and anthropogenic barriers to fire spread, on a 34 000 km 2 landscape in southern Idaho and northern Nevada. The boosted logistic regression model correctly classified final fire perimeter locations on an independent dataset with 69% accuracy without consideration of weather conditions on individual fires. The resulting fire control probability surface has potential for reducing unnecessary exposure for fire responders, coordinating pre-fire planning for operational fire response, and as a network of locations to incorporate into spatial fire planning to better align fire operations with land management objectives.
Introduction
Two of the most important challenges for pre-fire planning and operational fire management are positioning resources where they are most likely to be effective and identifying and avoiding locations with high potential for extreme fire behaviour and unacceptable risk to fire responder safety. The compressed decision space imposed upon fire managers requires reaction to rapidly evolving conditions, often with limited time to assess the full range of options to meet land management objectives or to develop backup plans if initial attempts at containment are unsuccessful. Further, in the United States, as large fires progress and increase in size and complexity, non-local Incident Management Teams (IMTs; primarily Type 1 and some Type 2) are frequently brought in to manage these events but often lack local knowledge regarding landscape control features. Pre-event documentation could provide out-of-area teams with critical information to facilitate strategic planning. Decisions on when and where to allocate fire management resources are limited by available information but often incorporate intuitive landscape features such as roads, ridgelines, water bodies and other potential constraints to fire spread recommended by the National Wildfire Coordinating Group (NWCG 2004) .
Management decisions during a fire can be informed by deterministic fire modelling systems such as FARSITE (when used without spotting behaviour, Finney 2004) for 1-3-day fire growth projections; or probabilistic fire spread simulators such as FSPro (Finney et al. 2011a) for longer duration estimates Noonan-Wright et al. 2011) . Additionally, the large fire behaviour simulator FSim (Finney et al. 2011b) can be utilised for pre-fire planning (Scott et al. 2013 ; Thompson et al. 2016a ). However, accurate prediction of fire control features likely to result in successful containment remains a significant challenge. This is due in part to the coarse spatial resolution at which these modelling systems are typically run, which masks relatively narrow features like roads, such that simulated fire perimeters rarely align with actual fire perimeters. Initial attack modelling approaches (e.g. Fried and Fried 1996; Petrovic and Carlson 2012) generally consider rate of spread against rate of fireline production with little to no consideration of leveraging natural or anthropogenic barriers to spreadalthough Podur and Martell (2007) assume 25% of fireline is attributable to natural features. Fine-scale landscape features such as topographic variability and fuel heterogeneity are significant factors influencing the size and severity of fires (Dillon et al. 2011b; Wu et al. 2013; Harris and Taylor 2015; Kane et al. 2015) and previous burn scars that affect fuel loading and structure have been shown to limit fire spread -though these effects vary with time since fire and weather conditions (Parks et al. 2015) . Road networks have also been shown to limit fire spread, both through creation of fuel breaks and by facilitating placement of fire management personnel and resources Wimberly 2011, 2012) .
Wildfire risk modelling has also been used to identify locations of increased risk for high fire severity (Dillon et al. 2011a; Keane et al. 2013) , potential for damage to human assets and natural resources (Haas et al. 2013; Scott et al. 2013 ; Thompson et al. 2015 ; Thompson et al. 2016a) , and challenges for fire suppression activities (Rodríguez y Silva et al. 2014; Dillon et al. 2015; Duff and Tolhurst 2015; Mitsopoulos et al. 2016) , including potential safety concerns for fire responders. The wildfire risk assessment tools developed by Scott et al. (2013) have been applied at spatial scales more appropriate for integrating landscape fire planning, which incorporates simulated response to fire, with operational incident management that must consider real time burning conditions, available resources and acceptable risk to assets and fire responders. Aligning operational fire response with land management objectives requires bringing together the 'what' defined by landscape management objectives with the 'how' defined by real time fire conditions on the ground.
Our objective with this study is to generate a decision space for active fire management and pre-fire planning that highlights potential fire control locations that can be mapped onto landscape management objectives to facilitate greater integration between land management and fire operations. We use a spatial database of historical fire perimeter locations to model interactions between topographic features (slope position and soil characteristics), fuel types, road networks and hydrologic features that resulted in cessation of fire progression. We then test the accuracy of the resulting predictive model of potential fire control locations and discuss strengths and limitations of model outputs. We conclude with future research directions that could improve model performance and a discussion of potential applications for fire management professionals.
Methods
The study area was an ,34 000 km 2 landscape located in the northern Rocky Mountains bordering Idaho, Nevada and Utah with relatively high density of large (.400 ha) fires recorded from 1984 to 2014 in the national Monitoring Trends in Burn Severity database (MTBS 2014) ( Fig. 1) . A subset of 238 fires with perimeters completely contained within the study area was used for development of the fire perimeter prediction model. The landscape was selected to include diverse vegetation types ranging from sagebrush steppe and riparian cottonwood and willow ecosystems at the lowest elevations (709 m/2326 ft above sea level, asl) and transitioning through pinyon-juniper woodlands, whitebark pine, mixed-conifer and aspen to subalpine forests at the highest elevations (3295 m/10 810 ft asl). Land ownership is partitioned between federal, state and private management with a prevailing strategic fire response of 'fire suppression with consideration of cost and values at risk' ) dictated by rangeland and timber management values. Approximately 8% of the landscape is designated for managed fire for resource benefit; thus some form of active fire suppression can be assumed for the majority of fire perimeters (Fig. 1 ).
Fire perimeter response variables
We buffered fire perimeters by 90 m to account for co-registration errors between actual and mapped fire perimeters and then rasterised the buffered features to 30-m pixel resolution. A previous study using MTBS data for fire perimeter classification in wilderness areas used a spatial buffer of 375 m to classify fire interactions (Parks et al. 2015) . Changing the size of the fire perimeter overlap buffer results in a tradeoff between model classification accuracy and predictive power. To account for fine-scale spatial features such as roads and steep ridge tops, we opted for a relatively small buffer that emphasised potential operational application of the predictive fire perimeter model. On landscapes with fewer roads or other fine-scale barriers to fire spread, a larger buffer may be more appropriate. Raster values were classified into binomial values such that '1' represented pixels resting on a fire perimeter and '0' represented pixels on the interior of a fire perimeter. Pixels on the exterior Thompson et al. (2013) were updated in 2014 (C. Stonesifer, pers. comm).
of buffered fire perimeters were excluded. A binomial response variable was developed from the initial raster classification of fire perimeter presence or absence. To incorporate the effect of overlapping fire perimeter locations through time, we developed a second response variable that incorporated the number of instances of a pixel or its neighbour recording a fire perimeter. This method used a summed 3 Â 3-cell focal statistic to add additional weight to locations that resulted in more than one fire perimeter over the 30-year interval. The focal statistic also included locations within 90 m of a mapped fire perimeter.
Fire perimeter predictor variables
We developed a series of landscape feature-based predictor variables from national raster layers representing elevation, slope, aspect, fuel model and vegetation type (biophysical setting and existing vegetation) from the national LANDFIRE 1.3.0 database (LANDFIRE 2012); and vector features representing roads (US Census Bureau 2015) and rivers (USGS 2015) . Vector layers were converted to rasters with a pixel resolution of 30 m and re-projected to the LANDFIRE (2012) USA contiguous Albers Equal Area Conic projection. Elevation and slope rasters were further transformed to produce the Topographic Position Index (TPI) (Weiss 2001; Beier and Brost 2010) from the corridor designer extension for ArcGIS 10.2 (Majka et al. 2007) . TPI calculations used a circular search radius of 200 m to identify ridges, valleys, flats and steep slope transitions. Ridgetop and canyon classifications required a minimum 12 m vertical offset from neighbourhood mean elevation. Slope and flat classifications used a minimum slope threshold of 6% (Jenness et al. 2013) . We used Euclidean distance from TPI-defined ridges, valleys, flats or steep slopes as fire perimeter predictor variables.
We compiled road layers from county GIS data in the US Census TIGER system (US Census Bureau 2015). Primary (arterial routes) and secondary (paved) roads interrupt continuous surface fuels and were considered likely fire breaks (Narayanaraj and Wimberly 2011). Euclidean distance from major paved surfaces was used to develop the road distance surface. An additional road density metric (total road length per km 2 ) that also included tertiary (unpaved) roads was used as part of the Suppression Difficulty Index (SDI) compound fire suppression index detailed in the next section. Unpaved roads were also included in the cost surface calculation for their effect on relative ease of access.
Similar to roads, hydrography features from the United States Geological Survey Hydrography archive (USGS 2015) were classified by type, such that primary and secondary waterways (rivers) and lakes were considered potential fire breaks and perennial, intermediate or ephemeral streams were considered less likely to influence fire progression. Euclidean distance from lakes and rivers was used to develop a river distance surface.
We reclassified fire behaviour fuel models used by LAND-FIRE and developed by to reflect total fuel loading of 1, 10 and 100-h fuels to generate a surface of total fuel loading (kg ha À1 ). A second fuel model variable was developed from calculated variance of model codes derived from a 9 Â 9-pixel focal statistic. The calculated level of fuel model variance was a function of LANDFIRE fuel model labelling conventions in which consecutive fuel number codes are used for similar fuel types and number codes separated by units of 10 are used for dissimilar fuel types. The expectation was that increased heterogeneity of fuel types, measured as fuel model variance, could be associated with cessation of fire progression. Although interactions with previous fires were not explicitly included in the suite of predictor variables, the LANDFIRE 1.3.0 national fuel model dataset incorporates fuelaltering disturbances at an annual time step from 1999 to 2012 (LANDFIRE 2012). True fuel characteristics before each fire are not known; however, the mosaic of fire effects that influenced past fires is captured in fuel loadings and fuel type transitions and serves as a proxy for direct fire-fire interactions.
Compound fire indices
In addition to direct physical landscape attributes, we developed four compound fire suppression variables: resistance to control (RTC), an index of fireline construction difficulty by fuel type (Dillon et al. 2015) ; travel cost, a measure of effort to transport personnel and resources to any location on the landscape; rate of fire spread, a simulated fire behaviour metric (Finney 2006) ; and SDI, a weighted index of relative accessibility in relation to potential fire intensity (Rodríguez y Silva et al. 2014) . RTC is a component of the wildfire hazard potential calculation (Dillon et al. 2015) that is expressed as the inverse of fireline construction rate; that is, hours required for a 20-person hand crew to construct one chain (20.1 m) of fireline. Smaller values of RTC indicate lower resistance to control (greater fireline production rate). Two different RTC surfaces were developed from (1) the 2010 update to United States Forest Service Fire Program Analysis estimated hand crew line construction rates (Dillon et al. 2015 ) ( Fig. 2a ) and (2) a simplified series of four hand crew line construction rates from an independent dataset (Broyles 2011) .
To generate a travel cost surface, we developed travel friction layers for road type, relative slope and river crossings that penalised movement away from primary paved roads. Linear road network features were converted to 30-m pixel rasters and then classified by ease of transport for personnel and resources (Table 1) . A continuous road friction surface was developed from assigned weights to each road type such that roads capable of transporting large equipment at high speed had the lowest friction and unroaded areas had the highest friction (Table 1) . The slope friction surface was classified into five classes based on Jenks natural breaks (ESRI 2015) such that slope friction doubled with each successive slope class. A water crossing friction surface was developed from waterway type (lake, river or stream) and intersections with different road types. We used an intersection analysis of all paved roads and water crossings to develop a bridge layer and then buffered bridge point locations by 120 m to account for errors in spatial co-registration between actual roads and rivers. Buffered bridge locations were converted to rasters and mosaicked onto the road layer so that bridges had the lowest resistance to travel (friction) when crossing waterways (Table 1) .
Friction surfaces were summed and then mosaicked with a raster containing values only for primary and secondary roads, so that road friction values (0 or 1) replaced additive friction surface values, assuring that roads were local minima in the additive friction surface. We then calculated cost distance from (Dillon et al. 2015) ; travel cost is a function of access from primary roads; rate of fire spread is calculated from FlamMap 5.0 (Finney 2006 primary roads using the additive friction surface to weigh travel cost to all pixels on the landscape (Fig. 2b ). Rate of fire spread and other simulated metrics of fire behaviour have been used to quantify the amount of suppression effort necessary to stop fire progression (Mitsopoulos et al. 2016) , as well as to explain topographic or fuel transitionderived cessation of fire progression (Anderson 1989; Finney et al. 2009 ). We used FlamMap 5.0 (Finney 2006; Finney et al. 2015) in the basic fire behaviour modelling mode to simulate fire surface spread rates across the calibration landscape ( Fig. 2c ). We used the Finney (2004) crown fire calculation method with gridded winds averaging 6.7 m s À1 (15 mph) at 6.1 m (20 ft) above ground surface and an azimuth of 1648. Wind speed and direction coincide with average conditions during the fuel moisture conditioning period from 2 July 2007 1000 h to 30 July 2007 1500 h at the Trail Gulch Remote Automatic Weather Station located near the centre of the simulation landscape (DRI 2015) . Weather and wind files for the fuel moisture conditioning period were generated in Fire-Family Plus ver. 4.1 (Bradshaw 2013 ) and represented 90thpercentile fire weather conditions calculated from energy release component values (Riley et al. 2013) . Initial live and dead fuel moisture content values were drawn from the 'low' dead fuel moisture and 'two-thirds cured' live fuel moisture values from . Rate of surface fire spread was calculated in metres per minute and the resulting ascii text file was converted to an ArcGRID file for use as a rate of spread raster surface.
The final spatial index used to associate fire behaviour and suppression activities with fire perimeter locations was a modified version of the SDI developed for fire suppression in Mediterranean ecosystems and validated on forests in Chile and Israel (Rodríguez y Silva et al. 2014) . SDI is an expertinformed fire risk and response mapping tool that combines weighted indices of potential access and egress from any point on a landscape with simulated fire behaviour (heat per unit area and potential surface flame length) under user-defined fire weather conditions. We used FlamMap 5.0 under the same operating parameters detailed above to calculate potential surface flame lengths and heat per unit area under 90th-percentile fire weather conditions. SDI takes into account road and trail density per square kilometre, road and fuel break length by relative fuel type area, foot access as a function of slope, soil erodibility, mobility within a fuel type and a fireline construction factor. Each component is ranked on a scale from 1 to 10 and combined such that the fire behaviour index proportional to fuel type area is divided by the sum of the accessibility parameter values. Look-up tables for weighted parameters are detailed in Rodríguez y Silva et al. (2014) . In this calculation of SDI, return time for aerial suppression resources and retardant recharge were excluded due to insufficient data. Inclusion of a suite of accessibility factors and potential fire behaviour make SDI an appropriate metric to assess risk to fire responder safety as well as potential for successful suppression.
Model development pre-processing
We generated a random point layer over the fire-affected landscape and then extracted raster values for the response and predictor variables to each sample point location. This table of sampled points and associated variable values served as the data matrix for statistical model development.
We used a boosted regression tree (BRT) machine learning method to test the spatial relationships between fire perimeter locations and underlying landscape factors, potential fire behaviour and access for suppression resources. The BRT method is a flexible nonparametric machine learning approach that automatically identifies and models variable interactions and can handle large suites of candidate variables and sharp discontinuities common to rare events (such as fire perimeters) better than generalised linear or generalised additive models (De'ath 2007; Elith et al. 2008) . Unlike random forest methods, boosting reduces variance through model averaging and can accommodate a range of response variable types by selecting the appropriate loss function (Elith et al. 2008) . BRTs combine thousands of individual regression trees, used to quantify predictor and response variable relationships, with a forward stage-wise boosting procedure that builds upon each successive model iteration until a final model is reached where additional regression trees do not improve overall predictive power (Elith et al. 2008) . The BRT method also incorporates a random subset of samples known as the 'bagging fraction' that generally improves model performance. After experimenting with several BRT learning rates and tree complexities, we found the parameters recommended by Elith et al. (2008) in the 'gbm' package in the R statistical environment (R Core Team 2015) to be a good balance of predictive performance and computational demands; we used a bagging fraction of 0.5, learning rate of 0.005 and tree complexity of 5. Loss functions for model pruning were fitted with a Bernoulli distribution for the binomial response model and a Poisson distribution for the perimeter count response model (range of 1-9 fire perimeters) (Friedman et al. 2000; Preisler et al. 2004; Ridgeway 2015) . In a statistical analysis of wildfire risk, Preisler et al. (2004) recommended nonparametric binomial logistic regression as a robust method for handling point-based fire occurrence probabilities. The boosting procedure used here overcomes many of the limitations inherent in linear regression methods and has proven to be robust to pseudoabsence (zero-inflated) data and moderate collinearity between predictors (Friedman et al. 2000; Dormann et al. 2013 ). We used a correlation matrix to assess Spearman ranked correlation among predictors and a test of collinearity from the 'usdm' package in the R statistical environment (R Core Team 2015) to assess the effects of variance inflation factor on model results. A 10-fold cross-validation was used to assess relative contributions of each predictor variable and to assess overall model performance in correctly classifying the random 10% of data excluded from the training data for each model run. Area under the curve (AUC) and cross-validated error estimates of model deviance were used to assess overall prediction accuracy.
Density smoothed scatter plots of model-fitted values in relation to each predictor variable were used to inspect relationships between fire perimeter occurrence and predictor variable values. Plots were generated in the 'gbm' package in the R statistical environment (R Core Team 2015) with the 'smooth-Scatter' function.
As an additional check on the BRT model results, we used the MaxEnt package (Phillips et al. 2006; Phillips 2015) to assess differences and similarities between the BRT and presence-only projections of potential fire control locations. Presence-only regression methods (Ward et al. 2009; Elith et al. 2011) are specifically designed to assess potential suitability for a response condition when true absence data are not available. These methods rely on several assumptions about the sample distribution and are highly sensitive to user settings (Lobo et al. 2008; Merow et al. 2013; Merow et al. 2014 ). In addition, the scaling of AUC and potential suitability outputs from presence-only methods are not directly comparable to true logistic regression models such as BRT (Merow et al. 2013) . Detailed methods and results from the MaxEnt analysis are presented in Section S1 (of the supplementary material available online).
Results
We developed fire perimeter models from 1 408 575 sampling points, of which 192 158 recorded a fire perimeter, resulting in a no perimeter to perimeter ratio of ,7:1. Binomial and perimeter count models did not produce significantly different results in terms of predictive variables selected or strength of variable fits; however, the binomial model had lower total model deviance.
Results from the binomial model are presented here. Results from the perimeter count model are available upon request from the authors.
Two sets of predictor variables -travel cost and barrier distance (r ¼ 0.75), and valley distance and ridge distance (r ¼ 0.60) -were correlated at a level greater than 0.25. However in a test of variable collinearity, no two variables had a variance inflation factor (VIF) greater than 1.75. VIF values greater than 5 are considered significant enough to warrant removal from a predictive model (Dormann et al. 2013) . A variable correlation matrix (Table S1 ) and VIF calculations (Table S2 ) are presented in the supplementary material.
Eight of the original 14 predictor variables significantly improved the power of the binomial fire perimeter model. Barrier distance, travel cost, SDI and distance from valley were the most influential variables (relative influences of 28.5%, 20.5%, 12.5% and 11.4%) ( Fig. 3a) . Additional variables ridge distance, rate of fire spread, steep slope distance and RTC each accounted for less than 10% of the final predictive model. Fire perimeters were strongly associated with locations representing a combination of close proximity to barriers (major roads and waterways) and valleys, minimal travel cost and low suppression difficulty. Proximity to ridge tops and steep transitions, slow modelled fire spread rate and low RTC were also significant but accounted for a smaller proportion of the final predictive model. Fitted distributions of fire perimeter presence or absence in relation to barrier distance, travel cost, SDI and valley distance demonstrate the strength of these relationships at low predictor values (e.g. high probability of a fire perimeter when barrier and valley distance, travel cost and SDI values are minimised), as well as the random effects of a large proportion of locations with no fire perimeter (Fig. 3b) .
Scatter plots of the eight predictor variables and their relationships to fire perimeter presence or absence are presented in Fig. S1 . Discontinuities between data points in the fitted RTC point distribution (Fig. S1 ) are a function of the limited number of fireline construction classification rates (Dillon et al. 2015;  Table 3) (Fig. 3b ). This limitation was further exemplified in calculated RTC values from the simplified four-class fireline construction rates (Broyles 2011) (not shown) . Simplified RTC values did not significantly improve the predictive power of the fire perimeter model and were excluded from the final model formulation.
An AUC value of 0.686 suggests that the model correctly predicted ,69% of the random independent perimeter presence and absence observations used in the cross-validation assessment of model performance. The model was then projected across the landscape to produce a likelihood surface of potential fire perimeter locations that identified areas with high or low likelihood of a final fire perimeter (Fig. 4a ). An example classification of the fire perimeter probability surface (Fig. 4b) highlights specific locations on the landscape with higher or lower probabilities of association with a future fire perimeter. In this example, thresholds of P . 60% and 40% # P # 60% were used to identify candidate primary and secondary control features respectively. Use of these features would be dependent upon weather conditions during fire operations being comparable to modelled conditions, as well as consideration of potential spotting behaviour not included in model simulations. After identifying candidate control locations, we used the continuous probability surface (Fig. 4a) to identify additional features with high probability of forming a fire perimeter to connect candidate control locations. The probability surface can also be used to highlight potential areas of high hazard where some mitigation effort before the fire season would be necessary to develop an effective network of control features (Fig. 4b) . The continuous probability surface output provides a range of options for adapting control location probability thresholds to operational realities depending on weather conditions, available resources and landscape characteristics. Control location probability thresholds used here were appropriate for providing a range of options under 90th-percentile fire weather conditions. The MaxEnt analysis of potential suitability of fire perimeter locations identified the same set of eight significant predictor variables used in the BRT model, although RTC surpassed barrier distance and travel cost as the primary determinant of suitable fire perimeter locations (Section S1).
Discussion
This modelling exercise is the first example of a quantitative geospatial tool for identifying potential fire control locations for use in pre-fire landscape planning and active fire management. The model identified significant associations between final fire perimeter locations and a series of landscape features and conditions relevant to fire suppression activities. Although many of the landscape components identified by the model are intuitive and would likely already be used by incident management personnel during active fire management, the power of the BRT approach is its ability to account for interactions between predictor variables and to weigh them according to their relative contribution. This approach evaluates each pixel on the landscape for its potential to function as a control feature in relation to every other pixel on the landscape. Thus, the mapped output leverages substantially more information than a traditional 'roads and ridges' approach, making it potentially more useful for ranking control features in advance as well as for incorporating potential exposure of fire responders.
Although several of the predictor variables contained information associated with fire behaviour, relative accessibility and ease of fuel modification, the different metrics used -for example, total road length per unit area (a component of SDI), linear distance from major road (a component of barrier distance) and cumulative penalty for travelling away from a paved surface (a component of travel cost) -made the information presented in each variable unique, such that model predictive performance improved without a subsequent increase in model variance. The relative contribution of each predictor variable would be expected to vary from one landscape to another depending on landscape features such as density and quality of road networks and topographic complexity, as well as ownership-determined fire management objectives and available resources.
Future work
Although we were able to predict fire perimeter locations with 69% accuracy on a large landscape with highly variable terrain and road access, additional work will be necessary to address the remaining 31% of fire perimeter locations that were not explained by the weather-independent model. Unexplained variance in the predictive model is likely related to some combination of (1) variability in fire weather conditions;
(2) variability in fire suppression response;
(3) inclusion of only fires greater than 400 ha in the model training and validation datasets; and (4) variability in topographic complexity and road density within the study area. In previous studies, extreme fire weather has been shown to significantly increase variability in fire size, severity and spread (Bradstock et al. 2010; Dillon et al. 2011b; Riley et al. 2013) . Final fire perimeters are often associated with periods of relatively quiescent weather (Finney et al. 2009 ), or the opportunistic use of roads and other features for back burning after periods of major fire growth (Thompson et al. 2016b) . We implicitly address the exclusion of fire weather by using a large number of individual fire perimeters, each formed under a different set of fire weather conditions. This variability in fire weather becomes the background signal that allows emergent properties from underlying landscape characteristics to explain consistent patterns of fire perimeter formation. Seasonal climate patterns and the underlying warming signal associated with changing climate are also embedded within these highly variable daily fire weather-fire perimeter relationships. To explicitly incorporate this variability into a fire weather metric, daily (or finer) time steps of weather conditions and fire perimeter locations could be used to test associations with specific landscape conditions, suppression tactics and fire perimeter expansion, similar to the methods used by Price et al. (2014) in tropical savannahs. Two challenges for this approach are the relatively few fires with daily fire perimeter information (GeoMac 2016) and the decentralised and inconsistent data recording systems used to track fire response actions taken (Short 2015) . Holsinger et al. (2016) approached these limitations by assigning day of burn weather values to points within a fire perimeter and day after the end of fire progression weather values to points located on a final fire perimeter. Another way to incorporate fire weather thresholds into potential control feature predictions would be to conduct a sensitivity analysis that includes a range of fire weather scenarios to calculate rate of spread, flame length and potential energy per unit area in FlamMap simulations. Generation of a series of control feature options depending on fire weather conditions could prove useful for resource allocation during active fire management. A range of different fire weather scenarios could be used to develop a series of potential control location atlases depending on conditions during intended use. For example, during shoulder seasons a potential control location atlas based on 70th-percentile weather could be used to plan managed controlled burns and targeted fuel reduction treatments. During the height of fire season, more extreme 97th-or 99th-percentile fire weather conditions could be more appropriate to identify holding features under potentially extreme conditions. In a recent analysis of changing climate effects on area burned in the western USA, Abatzoglou and Williams (2016) found that over the past two decades, a trend of increasingly persistent drought conditions and extreme fire weather support the idea of incorporating more extreme fire weather conditions into incident-based fire modelling scenarios and response systems. The model did not account for specific suppression actions associated with each fire; however, the identification of suppression difficulty and travel cost as primary predictors of a fire perimeter align with the broadly defined suppression-driven strategic fire response objectives governing management actions over the majority of the landscape (Fig. 1 ). Proximity to identified high value resources and assets (HVRAs) also likely played a role in determining fire management response (Thompson et al. 2016a; Dunn et al. in press) . Incorporation of HVRAs, either as a distance or density metric might also serve as a potential fire suppression effort variable for determining appropriate locations for future control features and for explaining variance in historical fire perimeter locations. The effects of aerial suppression resources, another important consideration for determining potential fire control locations, are not included in this model formulation primarily due to a lack of consistent data. The original formulation of SDI (Rodríguez y Silva et al. 2014) used helicopter and fixed-wing aircraft flying times between drops to incorporate potential effects of aerial resources. Although these data were not available for the modelled landscape, we suggest that a calculation of retardant drop cycling time, as well as the additional factors slope and fire weather conditions associated with retardant effectiveness could be included in an additional aerial resource effectiveness index.
An explicit fire responder exposure index could also help to prioritise potential control locations that align with the US Forest Service Life First Initiative (Tidwell 2016) . Such an index might include factors associated with potential for injury during active fire engagement as well as with movement in dangerous landscape conditions, time required for medical evacuation, slope-wind alignment and other considerations that directly affect the exposure of fire responders to potential threats.
Stratifying landscapes by strategic fire response objectives could further refine candidate locations for operational fire management that more closely follow land management goals. For example, a modelled landscape containing a significant wilderness or fire-adapted forest component with sparse human population would likely express stronger associations between fire perimeters and natural fire boundaries such as fuel type transitions (e.g. continuous to sparse), elevational or ecological gradients (e.g. warm-dry to cool-moist), topographic transitions and hydrographic features. Spatial reconstruction of historical fire perimeters (Iniguez et al. 2008; Margolis and Balmat 2009; O'Connor et al. 2014) and observations from wilderness areas (Parks et al. 2014 ) demonstrate the role of ecological gradients in determining potential for fire spread.
Transferring the results from this analysis to fire management in other regions will require additional research to assess the sensitivity of the model to variable topographic complexity, road density and strategic fire response. Topography indirectly influences fuel distributions and ignition patterns, especially in steeply bisected landscapes (Parks et al. 2012) . If fuel continuity is the primary driver of fire spread, constraints on this continuity can occur naturally in complex topography or with roads and other disturbance features on human modified landscapes. A catalogue of models developed from landscapes with low, moderate or high levels of road access and topographic complexity would account for interactions between topography, fuels and accessibility that influence fire spread at scales appropriate for local application. Fire managers could then select an appropriate model and input information from national data layers to produce a potential control location map tailored to a specific landscape.
As with the results from all simulation models, caution should be taken to validate model predictions with real world data. In this case potential control features identified from spatial modelling should be surveyed by experienced fire management personnel before any application in fire management operations or planning. In addition to general model testing, groundtruthing provides a basis for classifying primary and secondary control locations and identifying potential control connectors; for improving the control location modelling process; and for building confidence in the use of predictive modelling data for fire planning and management decisions.
Page 4 of 9 . 'RTC FPA' is resistance to control using Fire Program Analysis data, 'SDI no air supp' is suppression difficulty index without air support, 'dist.' is shorthand for distance in metres. Response curves for the top three predictors (b.) demonstrate the relationship between the suitability for a fire perimeter (y-axis) in relation to the value of a predictor variable (x-axis). RTC is calculated in hours per chain, SDI is a dimensionless index value, and ridge distance is in metres.
The fire perimeter suitability surface produced by the maxent model is similar to that produced by the BRT (Fig. S5) , however the raw output cannot be reliably classified into probability of true fire perimeter presence or absence, making it appropriate for a general overview of potential fire control locations but less suitable for developing operational fire management thresholds. 
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